Introduction
RA, a chronic autoimmune disease that affects the body's joints and bones, is considered to have a genetic basis. Genetic association studies are used to detect RA biomarkers, and SNPs are used as biomarkers for detecting RA. The number of these nucleotide morphisms is larger in RA patients than in healthy controls. These SNPs are in or near genes that commonly play a role in immunity. Most of these genes are linked to RA pathogenesis [1] [2] [3] [4] .
The rapid progress in genotyping technologies has resulted in an ever-increasing volume of genotyped SNPs, which has led to advances in the understanding of complex diseases (such as RA) and represents a challenge for the future [5] . Single SNP methods are the main techniques used to identify RA biomarkers. Recently, the ability to obtain a high genomic density of SNPs (representing big data) has led to the application of haplotype block methods. These methods are applied to discover RA associations with a block rather than an SNP. A haplotype block consists of nearby SNPs that have high inter-relationships with one another. The parameter representing these relationships is the linkage disequilibrium (LD) [6] [7] [8] .
The objective of the present work was to apply the individual SNP approach and three haplotype block methods to the NARAC dataset to identify RA biomarkers through a GWAS [9] . GWAS results represent a domain of big data with millions of SNPs tested against many phenotypes. These results have become a burden for bioinformaticians in terms of processing time and real-time visualization [10, 11] .
The applied haplotype block methods were CIT, FGT, and SSLD. After stringent Bonferroni correction for multiple comparisons (less than 0.05 per the number of comparisons), P-values were calculated to measure the strength of association between the genetic variants and RA susceptibility [12] . In addition, the block size (in base pair (bp) and the included number of SNPs), number of blocks, percentage of SNPs not covered by the block method, percentage of significant blocks in the total number of blocks, number of significant haplotypes and SNPs were compared among the three haplotype block methods.
Material and methods

Study population
The NARAC dataset consisted of 2062 participants (1493 female and 569 male), grouped into 868 RA patients and 1194 healthy controls. All cases and controls were Caucasian [13] . The studied genetic variants were 545,080 SNPs included in the whole genome. Because allosomes (sex chromosomes (Chrs)) were outside of this research focus, 531,689 SNPs were retained for the study. After removing 22,276 SNPs because they met at least one of the following biomarker characteristics, 509,413 SNPs remained for further analysis:
(1) Less than 75% genotype match [14] , (2) Less than 0.001 Hardy-Weinberg equilibrium (HWE) P-value [15] or (3) Less than 0.001 minor allele frequency (MAF) in the total sample [16] .
The NARAC dataset represents a big data challenge because of its size and complexity. A way to handle such a challenge is to place the raw GWAS data for every Chr into a separate file. Then, each file is processed using GWAS software. Finally, the results for all the Chrs are merged together. A snapshot of the NARAC (raw) dataset is shown in Fig. 1 .
Material
For the NARAC dataset, each Chr data file was extracted from the NARAC data file using the programming language Perl. All Chr data files were reformatted for processing by the program PLINK in the statistical package R 3.1.0. The R language was used to extract all the Chrs map files from the NARAC map file (SNP ID, physical position, and Chr number). Each reformatted Chr data and map files were processed by PLINK 1.07 and gPLINK 2.05 in preparation for processing by the program Haploview 4.2 [17] .
Haploview 4.2 was used to partition all the Chrs into successive blocks using the CIT, FGT, and SSLD methods; to calculate the corresponding P-values for each haplotype in each block; to apply the individual SNP approach; to calculate the corresponding P-value for each SNP; and to display the LD results [18] . The default parameters for the three haplotype block methods were used. The RAassociated SNPs determined by using the individual SNP approach were highlighted on a Manhattan plot generated using R [19] . The significant blocks and the associated SNPs were selected using MATLAB release 2010a. Fig. 2 shows a block diagram of the entire association analysis. The DAVID (database for annotation, visualization and integrated discovery) bioinformatics resources 6.8 was operated to perform a functional pathway analysis and a disease enrichment analysis [20, 21] .
Testing for associations with RA susceptibility
Both individual SNP associations and haplotype associations were measured with the aid of P-values. Statistically significant SNPs were detected using their corresponding P-values after stringent Bonferroni correction for multiple comparisons (less than 0.05 per the number of comparisons).
Results
Four methods were applied to the NARAC dataset: the individual SNP approach and three haplotype block methods. The three block methods were FGT, CIT, and SSLD. The measured parameter was the P-value after Bonferroni correction. The three haplotype block methods were compared on the basis of the block size (in bp or number of SNPs), number of blocks, percentage of uncovered SNPs, percentage of significant blocks, percentage of significant haplotypes, and number of associated SNPs.
The test algorithms were applied on an Intel Core i7-4720HQ 2.6 GHz system with 16 GB of RAM. Table S1 lists the processing time for each program. The total working time for all Chrs was Although, SSLD produced the lowest number of blocks, due to its median block size and median number of SNPs within each block, 95.68% of the genotyped SNPs were localized with SSLD, compared to 87.74% with FGT and 77.88% with CIT. Accordingly, the density of the genotyped SNPs was sufficient for haplotype association mapping. The lowest number of studied SNPs needed for GWASs is 100,000 [15] which was attained by the four methods. Considerable variation in the haplotype block structure across the twenty-two Chrs was uncovered, with block sizes ranging from 2 bp (for the three methods) to 498,545 bp for FGT, 498,091 bp for SSLD, and 499,937 bp for CIT.
FGT generated more significant haplotypes (437 haplotypes) than CIT (396 haplotypes) and SSLD (383 haplotypes) for the twenty-two Chrs. As shown in Tables S3-S24, the average percentage of significant blocks in the total number of blocks per Chr was higher for FGT (0.248%) than for CIT (0.241%) and SSLD (0.226%). Fig. 3 shows the significant blocks obtained with the three haplotype block methods for the twenty-two Chrs. For each Chr, the total number of significant blocks, the total number of associated SNPs, and the total sizes of the significant blocks (in bp) are shown in Fig. 3a -c respectively.
On average, the significant SSLD blocks included more SNPs per Chr (6 SNPs) than the significant FGT (4 SNPs) and CIT (4 SNPs) blocks. The median significant block size for the twenty-two Chrs was larger for SSLD (32,550 bp) than for CIT (14,350 bp) and FGT (13,055 bp). These results were checked for significance using Kruskal-Wallis test by ranks. The difference among the three groups determined using Kruskal-Wallis was not statistically significant (P-value = 0.077).
The minimum significant block size for the twenty-two Chrs was larger for SSLD (52 bp for Chr 8) than for FGT (26 bp for Chr 6) and CIT (15 bp for Chr 11). The maximum significant block size was larger for SSLD (344,667 bp for Chr 1) than for FGT (318,113 bp for Chr 3) and CIT (209,237 bp for Chr 6). The significant SSLD blocks included more associated SNPs (1831 SNPs) than the significant FGT (1551 SNPs) and CIT (1516 SNPs) blocks. In addition, the number of associated SNPs determined by the individual SNP approach was 541, as shown in Table 2 . The number of significant SNPs discovered by only the SSLD method (450 SNPs) was greater than that by the CIT (159 SNPs), FGT (156 SNPs), and individual SNP (65 SNPs) methods, as shown in Fig. 4 . ), as previously reported [22] [23] [24] [25] .
Discussion
In this study, 509,413 SNPs were used to test the association with RA susceptibility in the NARAC dataset. The examined SNPs belonged to twenty-two autosomes, providing a large data domain. The surveyed SNPs of the NARAC dataset were dense enough for examination by haplotype block methods. Four methods were applied to assign the associations (CIT, FGT, SSLD, and the individual SNP approach). Table 1 Results of the median block size (in bp) by all three block methods for the general blocks and the significantly associated blocks with RA. The aim was to test the NARAC dataset to determine whether haplotype block methods or a single-locus approach alone can sufficiently identify the significant biomarkers associated with RA.
This research failed to select the best method because each method resulted in significant findings that were not detected using any of the other methods. The individual SNP, CIT, FGT, and SSLD methods Table S25 shows the SNP IDs that were uniquely identified by each method. These findings were in line with Shim et al.'s (although they did not test the SSLD method) conclusion that both the individual SNP approach and the haplotype block methods should be applied to discover valuable associations in the NARAC dataset [16] .
As shown in Table 2 , the 383 SNPs that were determined to be significantly associated with RA susceptibility by the individual SNP approach and the haplotype block methods represent good candidates for further investigation. In addition, 1021 RAassociated SNPs were detected by all three haplotype block methods and deserve greater attention. The SSLD method detected more significant SNPs (1831 SNPs) than the FGT (1551 SNPs), CIT (1516 SNPs), and individual SNP (541 SNPs) methods potentially because SSLD does not consider the LD between intermediate SNPs. Therefore, the SSLD method is the least conservative at including SNPs inside the haplotype blocks.
The biomarkers identified by the individual SNP approach with P-values lower than the genome-wide significance threshold (shown in Fig. 5 ) are given in Table 3 with their corresponding haplotype blocks. Three hundred and twenty biomarkers from Chr six passed the genome-wide significance threshold (data not shown). The SNPs from Chrs 11, 13, 15, 19, and 21 failed to pass the genome-wide significance threshold. Five of the seven biomarkers from Chr 9 were members of a block that was detected by all three block methods. This finding emphasized the association of the PHF19-TRAF1-C5 region with RA [26] .
In Table 3 , the block sizes (in bp) -for the five biomarkers detected in the PHF19-TRAF1-C5 region -determined using the SSLD and CIT methods were the same. However, the SSLD block included more associated SNPs (12) than the CIT block (8), as depicted in Fig. 6 . By further investigating this block, the four excluded SNPs by the CIT method were having MAFs less than 0.05 (a default condition in Haploview for the CIT method).
For the non-Chr 6 biomarkers shown in Table 3 , these results were in line with those obtained by Eyre et al. [27] that verified the association of PTPN22 (rs2476601, P-value = 1.12 Â 10 À12 ) with RA for populations of European ancestry. Moreover, these two studies confirm the association of TRAF1 with RA, but for different SNPs. The detected biomarker in the present study was rs3761847 (P-value = 1.24 Â 10 À08 ), while rs10739580 (P-value = 1.7 Â 10 À06 ) was identified by Eyre et al. These two biomarkers are 163,211 bp apart from each other.
A deeper view had been focused on the genes of the ''never been reported" biomarkers in Table 3 . Table 4 had been constructed using DAVID 6.8 to relate these genes to RA pathology and to link gene-disease associations. Ten genes were detected to play a role in RA pathology.
As shown in Table 4 , TBX1 played a role in RA pathology through its immunological function. A study by Meziani et al. confirmed the association of TBX1 (rs4819522, P-value = 0.0014) with RA in both Japanese and Europeans using a meta-analysis [58] . The identified SNP in the present study (rs1005133, P-value = 4.08 Â 10 À08 ) was in a close proximity with the SNP obtained by Meziani et al. (28,427 bp) . As shown in Table 3 , rs1005133 was in a block with another SNP (rs5993820) detected by CIT and FGT methods. An LD plot was performed for the region that contained these two SNPs for unravelling other associations in that region from Chr 22. As depicted in Fig. 7 , rs4819522 was neither in strong LD with rs1005133 (D 0 = 0.2, r 2 = 0.035) nor with rs5993820 (D 0 = 0.411, r 2 = 0.021).
The block similarity for the three applied methods of haplotype block partitioning are shown in Table 5 . The similarity measure represents the SNPs detected by both methods in question divided by the total SNPs detected by the two methods. The highest block similarity was between CIT and FGT (mean ± SD = 0.464 ± 0.286). Fig. 4 . Number of RA biomarkers detected by each method -''all" biomarkers detected by the method or detected ''only" by one method. (continued on next page) The block similarity between FGT and SSLD (mean ± SD = 0.21 ± 0.216) was nearly equal to that between CIT and SSLD (mean ± SD = 0.205 ± 0.193). The significance of these similarities was checked using one-way ANOVA with a post hoc t-test. The significance level for the three methods after Bonferroni correction was 0.0167 (0.05/3). The difference between (FGT and SSLD) and (CIT and SSLD) was not statistically significant (P-value = 0.936).
The differences between (CIT and FGT) and (CIT and SSLD) and between (FGT and SSLD) and (FGT and CIT) were statistically significant (P-values = 0.001 and 0.002, respectively).
As shown in Table 6 , the SSLD method provided the best coverage of the hits obtained with the individual SNP approach, with 444 SNPs from 541 SNPs. The FGT method detected 432 SNPs, and the CIT method detected 415 SNPs. However, after excluding the hits on Chr 6, the FGT method was the best, detecting 45 out of 109 SNPs, and the CIT method (34 SNPs) performed better than the SSLD method (29 SNPs). The significance of the coverage by the three block methods of the hits obtained with the individual SNP approach was checked using one-way ANOVA with a post hoc ttest. The mean ± SD of the number of hits for CIT, FGT, and SSLD methods were 18.864 ± 80.909, 19.636 ± 82.071, and 20.182 ± 88.199, respectively. The significance level for the three methods after Bonferroni correction was 0.0167 (0.05/3). The difference among the three groups determined using ANOVA was not statistically significant (P-value = 0.999).
Most of the haplotype blocks that showed a high relationship with RA were in or near (+3 Mb) the major histocompatibility complex (MHC) region. Most of the 1021 SNPs detected by the three block methods were in the MHC region. These outcomes confirmed the firm association between the MHC region and RA susceptibility.
Some associated SNPs were determined using all the methods, but others were observed by only one method. These differences could be due to several reasons. For the associations observed using only the individual SNP approach, it may be that only one SNP represents strong LD with the causal SNP. Therefore, studying haplotypes could decrease the power of association because they consist of several SNPs.
For the associations observed using only the haplotype block methods, the individual SNP approach required approximately 81.71% more tests than the block methods. Consequently, the Bonferroni correction was more severe for the individual SNP approach. [126] , Conotruncal heart defects [127] , ventricular septal defect [128] , renal malformations [129] , adenoid cystic carcinoma [130] , cleft palate [131] , indirect inguinal hernia [132] , prostate cancer [133] The block methods were able to detect the interactions among many causal SNPs. In addition, haplotypes could capture rare alleles that may not be reflected by individual SNPs. The reason for this difference could be that the power to observe associations is maximized when the frequencies of the studied biomarker and the causal SNP are similar. Some associations were observed using one but not the other haplotype block methods because each method differs greatly in its scope of the definition of a haplotype block.
The limitations of this study are as follows: (a) the effects of population stratification were not accounted for; (b) a replication study in other datasets was not performed; and (c) other haplotype block methods, such as those based on hidden Markov models [134, 135] , dynamic programming-based algorithms [136] [137] [138] [139] [140] , wavelet decomposition [141] , greedy algorithms [142] , the minimum description length principle [143, 144] , spatial correlation of SNPs [145] , sequence kernel association tests [146] , and block entropy [147] , were not included.
Conclusions
Applying the individual SNP approach and the three block methods to the NARAC dataset will in turn maximize the system's ability to discover crucial associations. In terms of selecting a method, SSLD would be the most appropriate for the NARAC dataset. The SSLD method has valuable advantages such as the highest genomic coverage; the largest minimum, median, and maximum significant block sizes; the highest number of significant SNPs included in blocks; and the highest number of associated SNPs discovered exclusively by a single method.
In total, 355 SNPs showed a P-value lower than the genomewide significance threshold. Among them (after excluding Chr 6 results -320 SNPs), 20 SNPs corresponding to 29 genes were not detected before for the RA susceptibility. Reviewing the literature, 10 genes from these 29 genes, namely, CDC42EP3, PLCL1, SATB2, TIFA, ZNF366, SH3PXD2A, COL2A1, SENP1, SEPT5, and TBX1, played a role in RA pathogenesis. As a future perspective, a replication study should be conducted to confirm the GWAS findings.
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